What this study adds Certain metal components in PM 2.5 are thought to contribute to air pollution health effects. However, few models are available to estimate exposures for individual metals or their impact on important biological mechanisms such as oxidative stress. In this study, we combined data for PM 2.5 iron and copper with a kinetic multilayer model of surface and bulk chemistry in the lung epithelial lining fluid. In doing so, we estimated the impact that these metals may have on the production of reactive oxygen species in exposed populations. The models presented offer a novel means of estimating PM 2.5 health impacts in population-based studies.
In this study, our goal was to characterize possible spatial variations in the combined impact of Fe and Cu in PM 2.5 on ROS production in exposed populations by combining spatial monitoring data with the KM-SUM-ELF model. Land use regression models were developed to predict spatial variations in ROS, Fe, and Cu in Toronto, Canada, for use in future cohort studies.
Methods

Spatial monitoring study
Two large-scale PM 2.5 monitoring campaigns were conducted across Toronto, Canada, during August/September 2016 (summer) and February/March 2017 (winter). During summer sampling, daily mean temperatures ranged from 18.3°C to 27.2°C, whereas winter temperatures ranged from −8.8°C to 7.5°C. Total precipitation was similar during summer (38.2 mm) and winter (39.7 mm) sampling periods.
Monitoring sites were identified to capture the variability of microenvironments in Toronto while maximizing spatial coverage. A neighborhood map of the city was used whereby each neighborhood was characterized in terms of road density, population density, employment density, and percentage of commercial land use. Neighborhoods were then grouped into a predetermined number of clusters (30 clusters) using a k-means clustering technique such that internal similarities were maximized, whereas similarities between groups were minimized. Finally, sites were identified manually, maximizing spatial coverage, while ensuring that two to three sites were in each cluster. In total, 67 sites were successfully monitored in summer and 42 sites were monitored in winter with 28 sites monitored during both seasons (a map of the monitoring locations is shown in Supplemental Figure S1 ; http://links.lww.com/EE/A16).
Integrated 2-week samples were collected at each site using Teflon filters with cascade impactors at a flow rate of 5 L/min. During each campaign, all PM 2.5 samples were collected simultaneously using preset pump timers and separate sampling kits at each location. This eliminated the need to adjust for temporal differences in air pollution concentrations between sites as all sites were monitored over exactly the same time period. PM 2.5 mass concentrations were determined gravimetrically before metals analysis by x-ray fluorescence (XRF).
PM 2.5 metals analyses
Copper and iron concentrations in PM 2.5 samples were determined using x-ray fluorescence (XRF) according to United States Environmental Protection Agency (EPA) Method IO-3.3 in Compendium of Methods for the Determination of Metals in Ambient Particulate Matter (EPA 625/R-96/010a). Concentrations of 31 other elements were also obtained and were used primarily for correlations analyses and to identify common groupings of elements. Throughout this paper, Fe and Cu refer to concentrations in PM 2.5 .
Estimating reactive oxygen species concentrations using a kinetic multilayer model of surface and bulk chemistry in the lung epithelial lining fluid model
The KM-SUB-ELF model was recently developed and described in detail by Lakey et al. 5 Briefly, the model consists of a surface surfactant layer containing lipids and proteins and the epithelial lining fluid bulk with a thickness of 0.5 μm, which is the average thickness of ELF in bronchi. 6 The bulk layer contains four antioxidants: ascorbate, uric acid, glutathione, and α-tocopherol at concentrations of 40, 207, 109, and 0.7 μM, respectively, which are typical concentrations in the bronchoalveolar region of the respiratory tract. 6, 7 Mass transport and over 50 chemical reactions are explicitly treated in the model. The reactions are listed alongside their rate coefficients in the supplementary information of Lakey et al 5 and include the reactions of ROS with antioxidants and surfactants, the formation of ROS from the redox cycling of Fe and Cu ions with ascorbate and oxygen, the interconversion of ROS due to Fenton and Fenton-like chemistry, and the destruction of O 2 − radicals due to the presence of the superoxide dismutase enzyme. 8, 9 The concentration of Fe and Cu ions in the epithelial lining fluid was estimated using known airborne concentrations of Fe and Cu in PM 2.5 where MW is the molecular weight of the species, breathing rate was assumed to be 1.5 m 3 /h, 10,11 PM deposition rate was set to 45%, 12 and total ELF volume was 20 ml. 13, 14 The fractional solubilities of Fe and Cu were assumed to be 0.1 and 0.4, respectively. [15] [16] [17] Error bars for the different ROS concentrations were calculated by varying the range of Fe and Cu fractional solubilities between 0.05 and 0.25 and 0.2 and 0.6, respectively. 5 These ranges of solubilities for Fe and Cu were considered to recognize the fact that XRF analyses do not reveal the precise structure of metal speciation complexes which can impact solubility in the lung lining fluid. The accumulation time was set to 2 hours as inhaled particles can accumulate in the respiratory tract over several hours before they are removed by the immune system and metabolic activity. 18 It is important to note that ROS concentrations obtained from KM-SUB-ELF model simulations estimate exogenous ROS concentrations generated in the lung in response to Fe and Cu; endogenous ROS generated through biological interactions (e.g., ROS generation from macrophage activation) are not considered in the calculations.
Extraction of land use and traffic parameters for land use regression models
Various land use and built environment attributes were derived for each monitoring site using ArcMap 10.4.1 (ESRI, Redlands, CA). Land use composition was computed within circular buffers of 100, 200, 300, 500, 700, and 1000 meters and included specific categories for residential, commercial, governmental/institutional, resource/industrial, parks, open area, water, and building footprints (DMTI Spatial (Database 2014), Richmond Hill, Ontario, Canada). Moreover, the length of bus routes, highways, major roads, and rail lines were derived in each buffer (City of Toronto Open Data portal 2016). Other variables computed within the buffers included population density (Toronto Neighbourhood and Demographics data of 2013), mean and maximum building height, number of bus stops, number of road intersections, and number of trees (City of Toronto Open Data portal 2016). Finally, the average hourly traffic volume between 6 am and 7 pm was derived using a traffic assignment model and an Origin-Destination (OD) matrix of trips extracted from the Transportation Tomorrow Survey (TTS) (year 2011) for the Greater Toronto and Hamilton Area (GTHA). Distances between each sampling location and the closest rail line, major road, highway, Pearson airport, shore, City Center, and industrial NOx and PM emitting facility (National Pollutant Release Inventory website of the Government of Canada) were also estimated and squared terms were also examined for these parameters during model development.
Statistical analyses
Multivariable linear regression models were used to estimate spatial variations in Fe, Cu, and their impact on ROS generation in the human respiratory tract. Separate models were developed for summer (based on 67 sites) and for annual mean concentrations as too few sites were available to justify separate models for winter. The database for annual mean concentrations was generated by averaging values across the summer and winter seasons. For sites missing winter PM 2.5 data, multivariable linear regression models were used to predict missing values (i.e., for winter PM 2.5 , Fe, and Cu) based on PM 2.5 mass and composition data from the 28 sites with complete data for both seasons. These predictive models are shown in Supplemental  Table S1 ; http://links.lww.com/EE/A16 and had R 2 values ranging from 0.70 to 0.82. R 2 values decreased in leave-one-out cross-validation procedures (ranging from 0.55 for Fe to 0.37 for PM 2.5 ), but root mean square errors remained low (e.g., 0.79 μg/m 3 for PM 2.5 ) (Supplemental Table S1 ; http://links.lww. com/EE/A16). In total, models for annual averages are based on data for 67 sites.
Fe and Cu concentrations were modeled as percentages of total PM 2.5 mass concentrations (e.g., Fe/PM 2.5 × 100%) to improve model fit (relative to absolute metal concentrations) and to reduce correlations between the two elements. Models for ln(Fe) and ln(Cu) are presented in the supplemental material (Tables S4 and S5 ; http://links.lww.com/EE/A16) but are not discussed further as they did not perform as well as models for proportions of Fe and Cu in PM 2.5 . Our model building procedure followed several steps: (1) Single variable linear regression models were examined for each of the candidate predictor variables outline above; (2) Variables that were associated with the outcome (i.e., 95% confidence interval excluded the null) were retained for potential inclusion in the final model; (3) Spearman's correlations were determined for the candidate predictors identified in step 2 and highly correlated variables (r > 0.7) were removed (retaining the best predictor of each correlated pair); for parameters with multiple buffer sizes, the buffer size that was most strongly associated with the outcome was retained; and (4) All parameters retained after step 3 were included in the model; "nonsignificant" parameters were only removed if doing so improved model fit (i.e., increased the adjusted R 2 value and decreased the root mean square error). We did not impose preconceived rules on the direction of effects for parameters included in the model. A leave-one-out cross-validation procedure was used to evaluate final model performance using the loocv procedure in Stata version 15 (Statacorp, College Station, Texas).
Correlations between individual PM 2.5 metal components were examined to evaluate potential sources of these contaminants. Specifically, we visualized these relationships using the qgraph and corrplot packages in R (version 3.3.0). The "spring" layout in the qgraph package displays correlations between metals as a network: more highly correlated nodes are grouped together and are linked by thinker, more darkly colored lines.
Mapping the land use regression models
Maps of exposure surfaces were generated by first dividing the city of Toronto into grid cells of 100 × 100 meters using ArcMap. Next, the final set of predictors for land use regression models for Fe, Cu, and ROS were computed for the mid-point of each grid cell. Finally, the predicted values for each mid-point were calculated and associated with the corresponding grid cell for mapping.
Results
Descriptive statistics for ambient PM 2.5 mass concentrations and Fe, Cu, and their estimated impact on ROS generation in the lung lining fluid are shown in Table. In general, spatial variations in Fe, Cu, and ROS greatly exceeded that of PM 2.5 mass concentrations. In addition, Fe, Cu, and ROS concentrations were 15, 18, and 9 times higher during summer compared with winter, respectively, with little difference observed for PM 2.5 mass concentrations (Supplemental Figure S2 ; http://links.lww.com/EE/ A16). As expected, correlations between metals in PM 2.5 were high ( Figure 1 and Supplemental Figure S3 ; http://links.lww. com/EE/A16) and suggested three primary groupings: (1) One containing elements such as Fe, Cu, and Ba that are associated with roadway emissions including brake ware 19, 20 ; (2) One containing crustal elements (i.e., Al, Si, Ca) related to resuspended soil; and (3) Tables S2 and  S3 ; http://links.lww.com/EE/A16. In general, models for Cu performed best with cross-validation R 2 values of 0.77 and 0.79 for the summer and annual models, respectively. Spatial variations in Cu were predominantly explained by variables related to traffic proximity, although population density was also included in the annual model. Traffic parameters were also important determinants of Fe, but other factors including rail line proximity (or length of rail lines within a 1000 meters buffer) and proximity to Pearson airport were also identified as important determinants of Fe concentrations; cross-validation R 2 values for the summer and annual mean Fe models were 0.53 and 0.68, respectively.
Not surprisingly, final ROS models reflected components of both the Fe and Cu models with length of highways within 300 meters being the strongest predictor of ROS in both summer and annual models. Other important predictors of annual mean ROS generation included rail line proximity, population density, proximity to Pearson airport, and industrial land use within 200 meters. Distance to city center appeared in all three annual models with increasing distance from city center associated with higher concentrations. This primarily reflects the fact that Toronto is surrounded by major highways/roadways, and thus, moving further from the city center brings you closer to these major sources of exposure. Mean variance inflation factors were less than 2 for all final models.
Exposure surfaces for summer and annual mean Fe, Cu, and their estimated combined impact on ROS are shown in Figure 4 . These surfaces highlight the elevated concentrations of PM 2.5 metals during the summer months and their subsequent increased capacity to generate ROS in the lung during this time period. In particular, two areas of the Fe and ROS surfaces stand out in the upper right and lower left-hand corners of each surface: these areas reflect large rail yards which appear to be important local sources of iron in PM 2.5 . Scatter plots are available in Supplemental Figures S4 and S5 ; http://links.lww. com/EE/A16 illustrating the relationship between PM 2.5 , Fe, Cu, and total ROS concentrations as well as specific ROS species (which are dominated by H 2 O 2 ). Interestingly, the scatter plot in Figure 5 illustrates that equivalent PM 2.5 mass concentrations can contribute to the generation of substantially different ROS concentrations (often differing by more than a factor of 2) owing to large seasonal differences in Fe and Cu.
Discussion
Surprisingly little is known about the specific components of PM 2.5 that are most relevant to health and population-based exposure assessment continues to rely on bulk particle mass concentrations. Metal components in PM 2.5 are generally thought to play an important role in determining overall PM 2.5 health effects 2, 3 ; however, few models are available to predict exposures in epidemiological studies and separating the individual effects of specific metals remains a challenge.
In this study, we combined information on Fe and Cu in PM 2.5 with a kinetic multilayer model of surface and bulk chemistry in the epithelial lining fluid to estimate the impact of these metals on the production of ROS in the human lung lining fluid. In general, our findings suggest that spatial variations in Fe, Cu, and their combined impact on ROS are considerably greater than spatial variations in PM 2.5 mass concentrations. Moreover, our results suggest that large seasonal differences may exist in PM 2.5 metal concentrations that ultimately lead to more ROS production in response to PM 2.5 during the summer months. This seasonal difference is likely explained by increased snow cover/rain during the winter months in Toronto which would tend to minimize particle resuspension. More importantly, this finding suggests that resuspended particles containing metals from sources such as brake wear 19, 20 (or rail lines) may be an interesting target for future risk management activities (in addition to direct tailpipe emissions) if ROS is ultimately tied to adverse health effects. Furthermore, our results indicate that equivalent PM 2.5 mass concentrations may elicit dramatically different biological responses; therefore, if the generation of ROS is an important mechanism contributing to PM 2.5 health effects, relying solely on PM 2.5 mass concentrations likely contributes substantially to exposure measurement error in epidemiological studies even if the mass concentrations themselves are measured without error.
Our findings also shed light on an important ongoing question in air pollution epidemiology: Why do we continue to see important health effects at very low PM 2.5 mass concentrations? Whereas PM 2.5 mass concentrations in Toronto were low and the range was small (≈4-9 μg/m 3 ), spatial variations in the estimated impact of Fe and Cu on ROS generation were much larger; therefore, a 1-unit change in exposure on the scale of PM 2.5 mass concentration likely translates into a much larger change on the ROS scale which ultimately may be more biologically relevant. Moreover, it is important to note that the predicted magnitude of ROS generation in response to Fe and Cu (i.e., more than 200 nM in some areas during summer) is biologically relevant as normal human ROS concentrations are approximately 100 nM and elevated H 2 O 2 concentrations have been observed in respiratory disease patients including adult asthmatics. 5, [21] [22] [23] Moreover, although the ROS model contained many of the same predictors as the Fe and Cu models, the added value of the ROS models relates to the fact that it estimates the combined impact of these two components on ROS using a single parameter rather than two separate parameters. Indeed, separating the individual health impacts of Cu and Fe is difficult owing to colinearity and the use of a single parameter to estimate their combined impact on an important mechanism of action seems advantageous. However, all three models should be explored in future epidemiological studies to verify this hypothesis.
To our knowledge, this is the first study to model spatial variations in the combined impact of Fe and Cu in PM 2.5 on ROS generation in the human lung. Indeed, such models are of interest as the application of oxidative stress assays (primarily related to the depletion of dithiothreitol or antioxidants such as glutathione) has gained significant traction in the epidemiological literature as several studies have reported stronger associations with these new metrics than with traditional PM 2.5 mass concentrations. [24] [25] [26] Nevertheless, recent evidence also suggests that it is important to consider both ROS generation and antioxidant depletion as common oxidative potential assays including the dithiothreitol (DTT) assay may not capture the ROS activity of some PM components including Fe. 27 Moreover, it is not clear how ROS generation estimated using the KM-SUB-ELF model may relate to other common particle oxidative potential assays including DTT, electron spin resonance (ESR), or ascorbate/ glutathione depletion. To date, existing evidence suggests that ROS generation estimated using Fe and Cu concentrations in the KM-SUB-ELF model is at least moderately correlated with these metrics. [28] [29] [30] [31] For example, a recent evaluation of five oxidative potential metrics for PM 10 samples reported correlations for Cu and the above oxidative potential assays ranging from 0.48 to 0.87 with a similar range of correlations observed for Fe (0.48-0.71). 31 Ultimately, the more important question is which of these assays is the best predictor of adverse health effects and which (if any) are superior to particle mass concentration in this respect. At a minimum, the KM-SUB-ELF model may serve as a cost-effective means of estimating the oxidative potential of airborne particles when Fe and Cu data are available in the absence of filter media (e.g., historical data) or when detailed chemical analyses of filter samples are not possible.
Although this study had many important advantages including a large simultaneous monitoring network for PM 2.5 metals and numerous geographic predictor variables, it is important to note several limitations. First, only 28 sites had monitoring data for both summer and winter; therefore, winter data had to be predicted for many sites used in the annual models. However, models used to predict missing data performed well with high R 2 values and low root mean square errors (RMSE). One exception was the model for winter PM 2.5 which had a lower R 2 value Figure 4 . Land use regression surfaces for summer and annual mean Fe (% mass), Cu (% mass), and their estimated combined impact on ROS generation (nM).
in leave-one-out cross-validation procedures but also a low RMSE. Ultimately, prediction error in the outcome variables used in annual models likely contributed to greater uncertainty (i.e., wider 95% confidence intervals) in the slopes for independent variables in land use regression models but would not bias the slopes for these variables. It is also important to note that estimated values for ROS reflect exogenous ROS concentrations generated in the lung in response to Fe and Cu in PM 2.5 and not total ROS generated in response to the entire pollutant mixture. Indeed, additional ROS may be produced through biological responses not considered by the model (e.g., macrophage activation) or in response to ambient O 3 or quinones which can be handled by KM-SUB-ELF but were not considered here owing to the absence of monitoring data. Therefore, model estimates of ROS presented here likely underestimate the total oxidative burden caused by inhaled pollutant mixtures. Future studies should aim to incorporate O 3 and quinone measurements to obtain a more complete picture of the overall impact of ambient air pollution mixtures on ROS generation in the human lung. Moreover, model estimates of ROS generation are not intended to capture individual-level differences in ROS production owing to variance in factors such as age, genetics, or disease status. Rather, the KM-SUB-ELF model provides estimates of ROS generation under a certain set of conditions (described in the Methods section), thus allowing us to evaluate potential spatial differences in ROS generation in conjunction with PM 2.5 metals. In particular, our results reflect a range of assumed metal solubilities in the epithelial lung lining fluid and it is possible that the ranges used in this study do not adequately capture seasonal variations in metal solubilities or differences in solubilities between sampling sites. Likewise, our model does not include other transition metals that could contribute to the generation of ROS in the lung. As noted above, the overall consequence of these limitations is likely an underestimation of the impact of PM 2.5 components on ROS generation as well as imprecise estimation of spatial differences in ROS generation if metal solubilities differed substantially between monitoring sites.
In summary, we developed a model to estimate spatial variations in the impact of PM 2.5 metals on the generation of ROS in the human lung lining fluid in Toronto, Canada. Estimated spatial variations in ROS generation exceeded that of PM 2.5 mass concentrations and seasonal differences suggested that summer PM 2.5 contributes more to ROS than winter likely owing to decreased particle resuspension during the winter months. Our findings highlight the potential importance of nontailpipe emission sources (e.g., brake/rail ware) with respect to PM 2.5 and the combined use of PM 2.5 metals data with a kinetic multilayer model of surface and bulk chemistry in the human lung epithelial lining fluid may offer a novel means of estimating PM 2.5 health impacts beyond simple mass concentrations.
